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in	energy	networks	 in	 the	UK.	 	HubNet	 is	 funded	by	 the	Energy	Programme	of	Research	Councils	UK	under	
grant	number	EP/I013636/1.	
This	 hub	 will	 provide	 research	 leadership	 in	 the	 field	 through	 the	 publication	 of	 in-depth	 position	 papers	
written	by	leaders	in	the	field	and	the	organisation	of	workshops	and	other	mechanisms	for	the	exchange	of	
ideas	between	researchers,	industry	and	the	public	sector.	
HubNet	also	aims	 to	 spur	 the	development	of	 innovative	 solutions	by	 sponsoring	 speculative	 research.	 	The	
activities	 of	 the	 members	 of	 the	 hub	 will	 focus	 on	 seven	 areas	 that	 have	 been	 identified	 as	 key	 to	 the	
development	of	future	energy	networks:	
¥ Design	of	smart	grids,	in	particular	the	application	of	communication	technologies	to	the	operation	of	









¥ Progress	 the	 use	 of	 power	 electronics	 in	 electricity	 systems	 through	 fundamental	 work	 on	
semiconductor	materials	and	power	converter	design.	
	







and	 determining	 technology-neutral	 specification	 targets	 for	 the	 development	 of	 grid	 scale	 energy	
storage.	
	
The	HubNet	 Association	 is	 a	 free-to-join	 grouping	 of	 researchers	 and	 research	 users.	 	 Join	 via	 the	 “HubNet	






replacement	 are	 scheduled	 according	 to	 time	 in	 service.	 This	 has	 significant	 advantages,	 such	 as	 allowing	




scheduled	 when	 inspection	 or	 monitoring	 data	 indicates	 a	 deterioration	 in	 asset	 health.	 This	 can	 reduce	
unnecessary	asset	downtime,	since	a	time-based	programme	is	likely	to	result	in	outages	when	the	asset	is	still	
in	 good	 condition,	 but	 a	 condition-based	 approach	 only	 results	 in	 outages	 when	 condition	 dictates	 it	 is	
necessary.	 It	 can	 also	maximise	 useful	 life	 in	 service,	 and	minimise	 annual	 costs.	 But	 it	 places	 considerable	




smart	 grid	 technologies.	 Future	 power	 networks	 can	 be	 expected	 to	 have	 more	 online	 monitoring	 and	
available	 computing	 resources,	 which	 increases	 the	 potential	 for	 condition	monitoring	 through	 online	 data	
analytics	[2].	However,	smart	grid	technologies	introduce	automated	control	of	aspects	such	as	power	flow	[3-
7],	 voltage	 [8-12],	 and	 dynamic	 rating	 of	 cables	 [13-15]	 and	 overhead	 lines	 [16-19],	 which	 all	 mean	 that	
network	assets	are	being	operated	in	new	ways.	These	changes	will	have	unprecedented	effects	on	the	aging	
and	deterioration	of	these	assets,	and	therefore	historical	experience	may	not	be	fully	applicable	[20].		
This	 paper	 considers	 some	 of	 the	 key	 drivers	 for	 change	 in	 asset	management	 of	 power	 network	 assets.	 It	
reviews	 the	 on-going	 regulatory	 changes	 which	 are	 encouraging	 transmission	 and	 distribution	 network	
operators	 to	 evaluate	 their	 current	 practice,	 then	 draws	 out	 some	 of	 the	 areas	 which	 may	 need	 to	 be	
addressed	 as	 a	 result.	 It	 discusses	 the	 advances	 in	 asset	management	which	 are	 currently	 being	 studied	 or	
proposed	as	enablers	of	improved	procedures,	as	well	as	some	of	the	new	technologies	and	applications	which	









what	 to	monitor,	 how	 frequently	 to	 inspect,	 when	 to	 intervene,	 and	what	maintenance	 to	 perform.	 These	
questions	 are	 fundamentally	 about	 balancing	 the	 costs	 of	 intervention	 against	 the	 likelihood	 and	 expected	
consequences	 of	 asset	 deterioration	 and	 failure,	 trading	 off	 the	 relative	 risks	 of	 all	 options.	 The	 goal	 of	 a	
successful	asset	management	plan	 is	 for	 the	organisation	to	utilise	 its	assets	to	meet	 its	business	needs	 in	a	
sustainable,	cost-effective	manner.	
The	 core	 focus	 of	 this	 paper	 is	 the	 technical	 methods	 and	 means	 of	 asset	 management	 within	 electrical	
networks.	 Many	 of	 the	 measures	 and	 metrics	 which	 inform	 an	 asset	 management	 strategy	 are	 based	 on	
research	 and	 experience	 of	 risk	 in	 other	 sectors,	 such	 as	 financial	 risk	management	 [21]	 and	 risk	 in	 safety	
systems	[22].	Some	specific	tools	from	these	domains	include	Modern	Portfolio	Theory	[23],	which	considers	
how	to	allocate	spending	across	alternatives,	such	as	the	optimal	portfolio	of	funds	to	invest	in.	Quantitative	
approaches	 to	 this	 include	 unbounded	 stochastic	 processes	 [24]	 and	 backward	 stochastic	 differential	
equations	 [25],	while	qualitative	 frameworks	are	 less	 robust,	but	 can	be	easier	 to	elicit	 [26].	 The	 interested	
reader	is	directed	to	these	other	sources	for	an	economic	perspective	on	asset	management.	
2 Current	Practice	
Within	 Great	 Britain	 (GB),	 utilities	 work	 within	 a	 regulatory	 framework	 that	 encourages	 efficiency	 in	 asset	
management	through	controls	on	spending.	As	part	of	the	RIIO-ED1	price	control	period	(2015	to	2023),	all	GB	
Distribution	Network	Operators	 (DNOs)	have	 committed	 to	addressing	network	 reliability	 through	 improved	
procedures	for	asset	management	[27-38].	At	the	same	time,	there	has	been	a	commitment	to	standardising	
many	 of	 the	 asset	management	 practices	 across	 utilities,	 which	 has	 led	 to	 the	 publication	 of	 the	 Common	
Network	Asset	 Indices	Methodology	 [39].	With	 this	process	now	 firmly	underway,	 the	Transmission	Owners	
(TOs)	have	begun	a	similar	attempt	to	standardise	practice.	A	consultation	is	in	progress	on	defining	a	common	
set	 of	 Network	 Output	 Measures	 (NOMs)	 which	 can	 be	 used	 for	 calculating	 asset	 risk	 [40].	 This	 section	
discusses	the	impact	of	these	efforts.	
2.1 Common	Network	Asset	Indices	Methodology	
A	 typical	 approach	 to	 asset	management	 is	 to	 rank	 asset	 health	 on	 a	 fixed	 scale,	 so	 that	 different	 types	 of	
deterioration	 and	 defects	 can	 be	 compared	 against	 each	 other	 in	 terms	 of	 impact	 on	 overall	 asset	 health.	
Typically,	each	utility	has	 their	own	 internal	method	of	 converting	condition	data,	 inspection	 reports,	 family	
history,	 and	 so	 on	 into	 a	 health	 index	 value.	 Differences	 in	 the	 health	 indexing	 methodology	 mean	 that	
comparisons	across	utilities	can	be	hard	to	make.		
Since	 the	 RIIO-ED1	 price	 control	 links	 the	 spending	 of	 each	 utility	 to	 their	 risk	 portfolio,	 there	 is	 a	 need	 to	
compare	 the	performance	of	each	utility.	Risk	 is	derived	 from	the	probability	and	consequences	of	an	asset	
failure	occurring	 [41].	The	probability	of	 failure	 is	 inferred	 from	the	discrete	 scale	health	 index	of	 the	asset,	
while	 the	consequences	can	be	calculated	based	on	 the	 financial	 impact	of	a	 failure	 in	 service.	Therefore,	a	
standard	method	of	calculating	health	indices	and	cost	of	failure	will	make	it	easier	to	compare	the	asset	risk	
of	one	utility	against	another.	
All	 GB	 DNOs	 have	 contributed	 to	 the	 Common	 Network	 Asset	 Indices	 Methodology	 [39]:	 a	 document	
specifying	how	to	calculate	both	probability	of	 failure	and	cost	of	 failure	for	particular	types	of	asset.	At	the	
moment,	the	Methodology	covers	assets	such	as	switchgear	(LV	up	to	66kV),	transformers	(11kV	up	to	132kV),	
overhead	 lines	(poles,	 fittings,	conductors,	and	towers,	 from	LV	up	to	132kV),	and	cables	(33kV	to	132kV).	A	
number	 of	 assets	 are	 explicitly	 excluded	 from	 the	methodology,	 including	 batteries,	 pilot	 wires,	 and	 cable	
tunnels.		
The	cost	of	failure	of	an	asset	is	determined	by	four	factors:	the	financial	cost	(covering	replacement	of	assets	
and	 labour),	 the	 safety	 consequences,	 the	 environmental	 consequences,	 and	 the	 network	 performance	
consequences.	 The	 probability	 of	 failure	 is	 also	 derived	 from	 four	 factors:	 two	 environmental	 (location	 and	
duty),	 one	 family-related	 (reliability	 modifier),	 and	 one	 specific	 to	 the	 condition	 of	 the	 asset	 (health	 score	





expected	 to	 stay	 relatively	 static,	 but	 the	 health	 of	 assets	 is	 expected	 to	 deteriorate	 over	 time.	 The	






suggested,	 such	as	dissolved	gas	analysis	 (DGA)	 for	 transformers,	but	are	not	 required	by	 the	methodology.	
The	process	of	converting	raw	measurement	values	or	inspection	observations	into	condition	criteria	bands	is	
somewhat	subjective,	although	guidance	is	given	in	the	Methodology’s	appendices.	There	is	no	guidance	given	













health	 on	 a	 scale	 of	 zero	 to	 10.	 It	 contains	 a	 model	 for	 projecting	 an	 asset	 health	 index	 forward	 in	 time,	
according	to	an	exponential	function	[43].	
While	CBRM	can	be	a	useful	way	of	managing	the	methodology,	it	does	not	help	to	overcome	the	subjective	





order	 to	develop	a	common	methodology	 for	assessing	asset	 risk	as	part	of	 the	RIIO-T1	price	control	period	
(2013	 to	 2021).	 A	 draft	 Common	 Network	 Output	 Measures	 (NOMs)	 Methodology	 [40]	 was	 submitted	 in	
January	 2016,	 for	 which	 Ofgem	 requested	 modifications.	 At	 the	 time	 of	 writing	 a	 revised	 version	 will	 be	
published	imminently,	which	is	expected	to	include	a	more	theoretical	underpinning	than	the	previous	draft.	
The	 broad	 aim	 of	 instituting	 NOMs	 is	 to	 monitor	 long-term	 risk	 management	 of	 the	 asset	 portfolio.	 The	
network	 redundancy	 inherent	 at	 the	 transmission	 level	means	 that	 underinvestment	 in	 asset	management	
would	 take	 years	 to	 create	 a	 clearly	 detectable	 network	 reliability	 issue,	 but	 at	 that	 point	 the	 cost	 of	
intervention	would	be	much	higher	than	 if	 investment	were	steady	and	targeted.	As	a	result,	 the	NOMs	are	
metrics	which	aim	to	capture	risk	and	performance	 in	such	a	way	as	 to	 incentivise	appropriate	and	efficient	
asset	management.	
The	 assets	 covered	 by	 the	 Common	 NOMs	 Methodology	 include	 circuit	 breakers,	 transformers,	 reactors,	
overhead	lines	(conductors	and	fittings),	and	underground	cables.	Towers	are	included	only	for	Scottish	Power	
Transmission	and	Scottish	Hydro	Electric	 Transmission.	All	 assets	of	 these	 types	are	assigned	a	health	 index	
ranking	from	AH1	to	AH5,	where	AH1	represents	the	 lowest	probability	of	failure.	Assets	are	also	assigned	a	
criticality	ranking	on	a	scale	of	C1	to	C4	(C1	being	the	highest,	in	contrast	to	the	CNAIM),	which	is	derived	from	
safety,	 environmental,	 and	 system	 impacts,	 with	 financial	 impact	 of	 failure	 being	 added	 as	 a	 requested	
amendment.	
While	 the	 Common	 NOMs	 Methodology	 is	 very	 similar	 in	 output	 to	 the	 Common	 Network	 Asset	 Indices	
Methodology,	it	has	a	number	of	unique	challenges:	
¥ The	number	of	assets	at	higher	voltage	 levels	 is	 smaller	 than	at	distribution,	and	 in	particular	 there	
are	 generally	 fewer	 units	 of	 a	 given	 design	 family	 in	 service,	 therefore	 there	 is	 less	 of	 a	 historical	
portfolio	from	which	to	derive	statistics	and	calibrate	the	model.	
¥ Failure	 in	service	at	 transmission	 is	even	rarer	than	at	distribution,	as	utilities	aim	to	remove	assets	
from	service	before	a	point	of	 failure	 is	 reached.	This	hazard	censoring	means	 that	 there	 is	greater	







of	 such	 data	 is	 not	 for	 Asset	Management.	 For	 example,	work	 orders	 and	 operational	 data	 have	 a	
clear	relationship	to	asset	condition,	but	aligning	such	data	with	typical	condition	monitoring	data	in	a	
robust	manner	can	be	difficult.	
However,	 transmission	 has	 the	 distinct	 advantage	 of	 generally	 higher	 levels	 of	 online	 monitoring	 than	 at	
distribution,	which	can	give	higher	confidence	in	the	assessment	of	an	asset’s	current	health	index.	
3 Implications	of	Current	Practice	
While	 transmission	 and	distribution	utilities	work	on	harmonising	 and	 streamlining	 their	 asset	management	
methodologies,	 there	 are	 some	 areas	 not	 covered	 by	 these	 efforts	which	 can	 still	 impact	 the	 outcomes.	 In	




judgement:	how	to	convert	 raw	measurements	and	 inspection	observations	 into	condition	criteria,	and	how	
certain	of	a	health	index	value	the	utility	can	be,	given	condition	criteria.	The	first	is	highly	dependent	on	the	
type	of	data	collection,	while	the	second	can	be	mitigated	with	regular	data	collection.	Frequent	updates	will	











justify	 the	 level	 of	 data	 quality	 appropriate	 for	 its	 decision-making,	 rather	 than	 prescribing	 a	 particular	
approach.		
3.2 Uncertainty	in	the	deterioration	model	
Some	asset	 classes	 such	as	 transformers	have	historically	been	studied	 in	detail,	due	 to	 their	 relatively	high	
cost	and	criticality	to	the	network.	Others	have	had	less	intensive	modelling	and	analysis,	such	as	towers.	As	a	
result,	the	precision	of	deterioration	models	cannot	be	expected	to	be	the	same	across	all	asset	types.		




in	 some	 situations,	 due	 to	 known	 type	 faults.	 Finally,	 new	 technologies	 such	 as	 HVDC	 and	 new	 insulating	











The	 risk	 profile	 assists	 with	 decision	making	 about	 interventions.	 For	 example,	 if	 a	 particular	 maintenance	
action	 can	 improve	 health	 by	 two	 index	 points,	 the	 effect	 on	 the	 overall	 risk	 profile	 can	 be	 calculated	 to	
determine	whether	or	not	 the	 intervention	 is	 cost-effective.	Alternatively,	 if	 a	maintenance	programme	can	
retain	health	at	its	current	index	for	a	year,	the	effect	on	the	risk	profile	in	five	years’	time	can	be	examined.	
The	asset	risk	is	calculated	from	its	probability	of	failure	(health	index)	and	consequence	of	failure	(criticality	
index).	 Since	both	 indices	are	discrete	 values	with	 crisp	boundaries,	 assets	must	be	 classified	 into	a	 specific	
category	 (e.g.	 HI3,	 CI2).	 Since	 there	 is	 uncertainty	 in	 the	 source	 data,	 there	 is	 some	 uncertainty	 in	 the	
categorisation.	Of	500	assets	classed	as	HI3,	there	will	be	some	nearer	the	HI2	boundary	and	some	nearer	the	
HI4	boundary,	and	potentially	some	small	number	which	have	been	misclassified	as	HI3.		
When	 applying	 maintenance	 effects	 to	 the	 risk	 profile,	 these	 nuances	 may	 be	 lost.	 In	 addition,	 not	 all	
maintenance	 actions	 are	 successful.	 The	 expected	 outcomes	 of	 a	 particular	 intervention	will	 not	 always	 be	




Within	this	context,	utilities	are	aiming	to	 increase	network	reliability	 through	 improved	asset	management.	
New	 technologies	and	methods	 can	be	used	 to	address	particular	 sources	of	uncertainty	within	 the	 current	









after	 the	 inception	 of	 the	 fault	 and	 before	 functional	 failure	 occurs.	 By	 predicting	 the	 time	 at	which	 some	
threshold	of	condition	will	be	reached	(either	functional	failure,	or	some	warning	level	prior	to	failure),	utilities	
can	plan	appropriate	maintenance,	replacement,	or	repair.	
As	discussed	above,	 standard	approaches	 such	as	 the	Common	Network	Asset	 Indices	Methodology	assume	
that	all	deterioration	fits	to	an	exponential	curve.	While	this	may	be	true	of	specific	failure	modes,	there	are	
particular	assets	and	fault	types	where	a	more	precise	model	of	deterioration	is	known	or	can	be	developed.	
The	 creation	 of	 specific	 models	 for	 specific	 situations	 can	 give	more	 accurate	 predictions	 about	 remaining	




breakers	 [55],	power	 transformers	 [56],	and	cables	 [57,	58].	To	date,	 in	all	of	 these	domains	 the	 techniques	
and	 models	 have	 been	 selected	 on	 a	 case-by-case	 basis,	 without	 an	 underpinning	 design	 approach	 or	
justification	 for	 the	 chosen	 method.	 It	 has	 been	 recognised	 that	 a	 methodology	 for	 design	 of	 prognostic	




¥ Identification	 and	 prioritisation	 of	 the	 fault	modes.	 Not	 all	 fault	modes	 will	 lead	 to	 asset	 failure,	
meaning	 that	 some	 are	 inherently	 more	 critical	 than	 others.	 Since	 prognostic	 modelling	 is	 time-
consuming	and	may	require	collection	of	specific	data,	this	stage	ensures	that	the	potential	benefits	
realised	 by	 the	 prognostic	 model	 will	 offset	 the	 investment,	 by	 selecting	 only	 the	 highest	 priority	
faults	 for	modelling.	This	 is	achieved	 through	model-based	safety	assessment	 (MBSA)	and	criticality	
analysis,	which	together	provide	a	design-centred	decision	making	framework	to	identify	critical	fault	
modes	in	complex	engineering	systems	[59].	
¥ Prognostics	model	 selection.	 There	 are	 a	 vast	 number	 of	 techniques	which	 can	 be	 used	 to	model	
degradation	 in	 components.	 These	 can	 be	 broadly	 classed	 as	 data-driven,	 model-based,	 or	 hybrid	
(data-driven	 and	 model-based).	 A	 decision	 framework	 has	 been	 developed	 with	 ordered	 design	





and	 accurate	within	 certain	 bounds.	Historically,	 formal	 verification	 techniques	 have	been	used	 for	
the	 verification	 of	 safety-critical	 systems	 [62].	 These	 techniques	 can	 also	 be	 applied	 to	 assess	 the	
performance	of	a	prognostic	system,	and	to	ensure	it	will	meet	the	design	requirements	[63].	
¥ Update	of	the	asset	health	state.	ADEPS	can	integrate	multiple	independently	developed	prognostics	
prediction	models	 for	different	 fault	modes	 to	evaluate	 the	effect	on	 the	overall	 asset	health	 state	
[60].	






state	 of	 health	 and	 rate	 of	 aging.	 This	 concept	 has	 been	 shown	 through	 work	 on	 data	 fusion	 [64]	 and	
ensembles	of	classifiers	[65],	and	would	also	be	beneficial	to	the	accuracy	of	risk	modelling.	













delivery	 perspective.	 This	 can	 also	 provide	 context	 for	 interpretation	 of	 partial	 discharge	 patterns	
[67].	








To	 take	 full	 advantage	of	 these	datasets,	 a	utility	would	need	 to	undertake	an	exercise	 to	 list	possible	data	
sources,	both	within	the	utility	and	in	the	public	domain.	Once	the	list	has	been	developed,	the	relationships	
between	various	datasets	can	be	enumerated,	and	the	potential	benefits	of	aligning	and	mining	those	sources	
identified.	 This	 could	 be	 considered	 a	 “bottom-up”	 approach:	 looking	 at	 what	 data	 is	 available	 and	 the	
potential	 links.	 Traditionally,	 projects	 are	 developed	 “top-down”	 with	 a	 particular	 goal	 in	 mind	 (e.g.	
transformer	thermal	monitoring).	The	bottom-up	approach	is	likely	to	identify	relationships	and	cost-benefits	
that	would	not	be	considered	by	taking	a	top-down	approach.		







Trends	 such	 as	 more	 data	 capture,	 online	 monitoring,	 and	 the	 linking	 of	 related	 data	 will	 automatically	
increase	 the	 size	 of	 datasets	 that	 engineers	 must	 manage.	 As	 the	 volumes	 of	 data	 relating	 to	 asset	
management	 increase,	 improved	 tools	 will	 be	 needed	 for	 visualising,	 handling,	 and	 exploring	 data.	 The	
ultimate	goal	of	online	monitoring	 is	to	convert	high	volume	streams	of	raw	sensor	measurements	and	data	
points	into	actionable	information,	relating	to	asset	health	and	lifetime.	
The	 field	 of	 Big	 Data	 relates	 to	 applications	 involving	 high	 volume,	 high	 velocity,	 and	 high	 variety	 of	 data	
streams	[69].	Within	the	domain	of	power	engineering,	some	work	has	considered	the	implications	of	Big	Data	
for	power	systems	operation	[70]	and	condition	monitoring	[71].	However,	the	types	of	data	being	collected	





It	 is	 already	 understood	 that	 segmenting	 datasets	 appropriately	 can	 derive	 better	 information,	 such	 as	







whether	or	 not	 a	 relationship	 is	meaningful	 and	useful.	 An	 example	of	 a	meaningful	 relationship	 is	 the	 link	
between	transformer	faults	and	dissolved	gases,	but	human	expertise	can	provide	useful	context	to	determine	
whether	 a	 detected	 fault	 is	 urgent,	 or	 can	 be	 explained	 by	 other	 factors.	 Further	 research	 is	 needed	 into	
methods	of	capturing	expert	explanation	of	data	analysis,	and	allowing	system	to	learn	from	expert	feedback.	
4.4 New	Technologies	for	Inspection	and	Monitoring	
The	 majority	 of	 condition	 data	 comes	 from	 inspection,	 with	 some	 from	 condition	 monitoring.	 Both	 are	
relatively	expensive,	and	inspection	is	personnel-intensive.	New	technologies	for	data	collection	may	be	able	
to	 reduce	 the	 number	 of	 person-hours	 associated	 with	 inspection,	 with	 the	 added	 benefit	 of	 allowing	
automated	 data	 processing	 and	 decision	 support.	 In	 particular,	 there	 is	 scope	 for	 greater	 use	 of	 mobile	













Overhead	 line	 inspections	 are	 currently	 done	 by	 helicopters	 that	 take	 high	 resolution	 images	 of	 the	
components	of	interest	and	use	infrared	cameras	to	detect	hot	spots	in	conductors	[73,	74].	Recorded	images	
and	photographs	are	then	examined	by	experts	to	determine	the	health	state	of	overhead	line	components.	




images,	which	 are	 analysed	 afterwards	 by	 experts.	 Drones	must	 currently	 be	 directed	 by	 personnel	 on	 the	
ground.	 Therefore,	 at	 present	 the	main	 savings	 are	 in	 reduced	 numbers	 of	 crews	 sent	 to	 inspect	 areas	 of	
difficult	access,	and	reduced	need	for	personnel	to	climb	towers	to	take	a	closer	look	at	the	components.	





Eventually,	 self-directed	 drones	 could	 be	 able	 to	 inspect	 an	 entire	 line	 without	 manual	 intervention,	 by	






agriculture,	 transport	 and	 transport	 infrastructure,	 and	 oceans.	 In	 one	 case,	 satellites	 have	 been	 shown	 to	
detect	subsidence	below	the	ground	level	within	subway	systems	[76].	
Satellite	technology	could	support	the	inspection	process	of	many	of	the	assets	present	in	the	distribution	and	
transmission	networks.	 As	one	example,	 satellites	 could	be	used	 to	detect	 hot	 spots	 in	 underground	 cables	




As	 another	 application,	 storm	 conditions	 can	 cause	 network	 faults	 which	 interrupt	 supply	 to	 customers.	
Satellite	imaging	would	be	one	way	of	checking	the	integrity	of	substation	assets	without	dispatching	a	crew	to	
each	site.	Images	could	be	analysed	manually	in	the	first	instance,	or	automatic	change	detection	techniques	
applied	 to	 highlight	 the	most	 critical	 substations.	 In	 this	way,	maintenance	 efforts	 could	 be	 prioritised,	 and	
customer	minutes	lost	minimised.	
4.5 New	Devices	and	Applications	
Utilities	 have	 long	 experience	 of	 managing	 traditional	 network	 assets,	 such	 as	 transformers,	 cables,	 and	
overhead	lines.	However,	changing	usage	of	traditional	assets	and	increased	numbers	of	new	devices	can	be	
anticipated,	which	will	challenge	conventional	asset	management	in	particular	ways.		
Electric	 vehicles	 have	 the	 potential	 for	 significant	 impact	 on	 networks,	 particularly	 at	 the	 distribution	 level.	
Studies	suggest	electric	vehicles	will	not	be	evenly	dispersed	through	the	network,	but	instead	will	tend	to	be	
clustered	 in	 particular	 streets	 and	 areas	 [77,	 78].	 This	 will	 compound	 the	 effects	 of	 increased	 load	 on	 the	
network,	 changing	 the	 duty	 on	 traditional	 assets	 to	 such	 an	 extent	 that	 health	 index	 predictions	 may	
significantly	 underestimate	 the	 rate	of	 aging.	 There	 is	 a	 need	 for	 tools	which	help	 to	 explore	 the	 impact	 of	
electric	vehicles	on	particular	areas	of	the	network.	
Dynamic	rating	of	assets	 is	one	approach	to	managing	 increased	 loads	[15].	Assets	are	 loaded	to	stay	within	
their	rated	thermal	capacity,	to	avoid	overheating	or	premature	aging.	However,	environmental	conditions	can	






Therefore	 the	 capabilities	 of	 dynamic	 rating	 systems	 are	 closely	 linked	 with	 asset	 management	 research.
The	use	of	High	Voltage	Direct	Current	(HVDC)	transmission	is	another	method	of	adjusting	to	changing	loads	
and	power	flows.	This	technology	brings	significantly	different	usage	patterns	for	conventional	assets	such	as	
cables,	and	devices	with	 relatively	 limited	operational	experience	such	as	power	electronics	converters	 [20].	




This	 paper	 has	 reviewed	 the	 current	 and	 emerging	 practices	 of	 asset	 management	 for	 transmission	 and	




significant	 innovation.	 In	 particular,	 improved	 prognostic	 modelling,	 reuse	 of	 data	 from	 different	 sources,	
better	 tools	 for	 data	 exploration,	 and	 innovative	 technologies	 for	 inspection	 and	 data	 collection	 can	 all	
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